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1.

Outline

What is all about:
Iris segmentation:
 Pupil approximation
 Iris unwrapping
 Limbic boundary approximation
Iris binary code extraction
Iris-code matching
Comparing iris recognition systems

What’s new:

Namely:

Pupil finder procedure
Iris unwrapping procedure
Limbic boundary approximation procedure
Iris texture binary encoder

RLE-FKMQ Based Pupil Finder
Three-Step Polar Mapping
Circular Fuzzy Iris Segmentation
Gabor Analytic Iris Texture Binary
Encoder
Mean-Deviation Similarity Score

The way to measure the similarity between
an iris code and the enrolled identities
An evaluation criterion for comparing
systems that use different iris code lengths

Storage Efficiency
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2.

Iris Segmentation: The Problem

Fig.1 : Iris Segmentation

Given a near-infrared image of the eye, an iris circular ring must be extracted.
Iris Segmentation Stages:

Why “approximations”?

Pupil Approximation;
Iris Region Unwrapping;
Limbic Boundary Approximation;

Pupil and iris are not really circular;
Pupillary and limbic boundaries are not really
concentric;
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3.

Current Approaches to Iris Segmentation

It is currently accepted the idea that finding the iris boundaries
means to identify a collection of pixels as a solution of an
optimization problem [1,4]:
finding a (nearly) circular contour minimizing the integrodifferential Daugman operator [2,4] (Daugman);
filtering the edges to find circles approximating the iris
boundaries using Hough transform [13] (Wildes, Daugman,
Ma, Monro, Bowyer, Flynn);
iterating active contours to find optimal positions matching
the iris boundaries [3] (Daugman).
All of these methods:
are 3-dimensional optimization problems that must be
solved in order to find two center coordinates and circle
radius.
asume that the segmentation is done before iris unwrapping.
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4.

Why a New Iris Segmentation Procedure?

Some questions must be answered:
Is it possible to find iris boundaries by solving one-dimensional
optimization problems?
Approximating the iris segment by a circular concentric ring could
be enough for obtaining good recognition results?
Is it possible to deduce motion laws for iris movement?

5.

Why circular approximation?

An anatomic argument for using circular approximation of the iris:
Since the pupillary boundary is nearly circular, there must be a circular concentric iris ring
controlling the pupil movements. Such a circular iris ring is expected to play the most important
role in iris recognition, despite the fact that it appears to be a rough approximation of the actual
iris.

A system requirement sustaining the use of concentric circular iris ring:
The segmentation routine must be fast and energy-efficient. Nearly lossless unwrapping of the
iris can be computed using a polar / bipolar coordinate transform depending on the type
assumed for the iris: concentric / eccentric circular ring. The latter is computationally more
expensive than the former because the eccentricity varies from a sample to another and
consequently, one bipolar mapping must be (re)computed for each sample (eye image). When
the iris ring is assumed to be concentric, the polar mapping is computed once for all samples,
during program initialization.
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6.

Compuational Routines

Run Length Encoding (RLE) is one of the most simple and popular data compression algorithms
[8]. For a given array, any subarray of redundant values is encoded as a pair representing its
histogram:
V = [1; 1; 1; 1; 0; 0; 1; 1; 1; 1; 1; 1; 1; 1]; rle(V) = [(1; 4); (0; 2); (1; 8)];
Run Length Quantization for Binary Images (RLQBW) is defined here as a procedure to replace
all ones within a binary image with the corresponding run length coefficients re-quantized in
unsigned 8-bit integer domain by some custom quantization function, as illustrated in the
following example:
[1; 1; 1; 1; 0; 0; 1; 1; 1; 1; 1; 1; 1; 1] → [(1; 4); (0; 2); (1; 8)] → [(4; 4); (0; 2); (8; 8)]→
[(128; 4); (0; 2); (255; 8)] → [128; 128; 128; 128; 0; 0; 255; 255; 255; 255; 255; 255; 255; 255]
It encodes a morphological property of the input image into a new one by giving the same
chromatic meaning to all of those white pixels sharing the same Run Length Encoding.
Fast k-Means (Image) Quantization (FKMQ) is a variant of k-means algorithm designed for fast
chromatic clustering in unsigned 8-bit integer domain [7]. A suboptimal (incomplete) variant of
FKMQ can be easily derived by imposing termination in a small number of iterations while
resetting the first centroid to the minimum available value (or to zero) after each iteration. In
this way, the input image is forced to return a handler to that area covered by lower chromatic
values. This is particularly useful in detecting the pupil.
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7.

Finding the Pupil

The proposed RLE-FKMQ Based Pupil Finder Algorithm is meant to
enhance the pupil against its surroundings and against the oclusions that
may occur in its area (specular lights or eyelashes)

Fig.2 : Initial eye image (a), its 8-means quantization (b), and the pupil cluster PC (c).

7.1. Extracting Pupil Cluster
Let us consider an eye image like that in the Fig.2.a (Bath University Iris
Database).
Its k-means equipotential chromatic map is revealed (Fig.2.b) by applying
the FKMQ algorithm.
The pupil cluster (PC) is then defined as the lowest level (cluster) on this
map (Fig.2.c).
It can be seen in the figure that the pupil cluster PC contains a good
indication for the actual pupil perturbed by specular lights and eyelashes.
7
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7.2. Finding a Suitable Pupil Indicator

Fig.3 : Haar wavelet decomposition pyramid of the pupil cluster

The first problem to be solved at this stage is finding at least one pixel in
PC which belongs for sure to the actual pupil (finding a suitable pupil
indicator). By computing the Haar wavelet decomposition pyramid for the
pupil cluster it can be seen that finding a suitable pupil indicator means to
erode the pupil cluster up to such a scale above which the details come only
from the actual pupil. In such a stage, the sub-sampled frame of the
wavelet pyramid is a suitable pupil indicator itself.
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7.2. Finding a Suitable Pupil Indicator

Fig.4 : Computing the pupil indicator;
Vertical Run Length Quantization of the pupil cluster (a);
Horizontal Run Length Quantization of the pupil cluster (b);
The pupil indicator PI (c).

Directional run length coeffcients encode the degree of
membership of each pixel to the actual pupil. The argument is
fact that being (or containing) the most circular solid object
within the pupil cluster, the actual pupil is the most resilient set
to erosion [6] to be found in the pupil cluster.
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7.3. Approximating the pupil

Fig.5 : Approximating the pupil;
Available pupil segment (a); Ellipse approximating the pupil (b).

Any pixel within the pupil indicator can now be used as a starting point for a flood-fill
operation. The most acurate pupil segment available in the pupil cluster is obtained (Fig.5.a).
Further, the specular lights are filled using Run Length Encoding once again.
The result is then fitted into a rectangle and approximated by an ellipse (Fig.5.b).
The eye images used here contain only single-spot specular lights which are easy to fill using the
following rule: until the pupil does not change anymore, those (groups of) pixels whose
neighbours (on a horizontal / vertical line) belong to the pupil are to be filled. Other databases
could require a different procedure for filling specular lights (CASIA-V3-Interval, for example).

10

11th International Symposium on Symbolic and Numeric Algorithms for Scientific Computing, Timisoara, Romania, September 26-29, 2009

7.4. RLE-FKMQ Based Fast Pupil Finder Algorithm
Summarizing all the operations described above, the proposed Fast Pupil Finder algorithm can be
stated as follows:
RLE-FKMQ Based Pupil Finder Algorithm (N. Popescu-Bodorin):
INPUT: the eye image IM;
1.Extract the pupil cluster PC:
PC = fkmq(IM,16);
PC = (PC == min(PC));
2.Compute horizontal and vertical Run Length Quantizations of PC:
RLV(:,j) = vrleq(PC);
RLH(j,:) = hrleq(PC);
3.Compute the pupil indicator PI:
[k, PI] = getpi(RLH, RLV);
PI = find(PI == 1);
PI = PI(1);
4.Extract available pupil segment through a flood-fill operation:
P = imfill(PC, PI);
5.Fill the specular lights:
P = rlefillsl(P);
6.Approximate the pupil by an ellipse;
OUTPUT: The ellipse approximating the pupil;
END.
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8.

Circular Fuzzy Iris Segmentation

RLE-FKMQ Based Pupil Finder procedure
guarantees an acurate pupil localization and
enables us to unwrap the eye image (Fig.6.a,
Bath University Iris Database) in polar
coordinates (Fig.6.c) and also to practice the
localization of the limbic boundary in the
rectangular unwrapped eye image (Fig.6.c),
obtaining an iris segment as in Fig.6.e.

Fig.6.a and Fig.6.c illustrate Three-Step Polar
Mapping procedure: lossless polar transcoding
(Fig.6.b),
stretching
and
interpolation
(Fig.6.c).
Fig.6 : Iris segmentation stages
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8. Circular Fuzzy Iris Segmentation

Circular Fuzzy Iris Segmentation Procedure (N. Popescu-Bodorin):
INPUT: the eye image IM;
1.Apply the RLE-FKMQ Based Pupil Finder procedure to find pupil radius and pupil center;
2.Perform a lossless polar transcoding to obtain unwrapped iris UI (Fig.6.b);
3.Stretch the unwrapped eye image UI to a rectangle (RUI - Fig.6.c);
4.Compute three column vectors: A, B, C, where A and B contain the means of the lines
within UI and RUI, respectively. C is the mean of the lines within the [A B] matrix;
5.Compute P, Q, R as being 3-means quantizations of A, B, C (Fig.7);
6.For each line of the unwrapped eye image count the votes given by P,Q and R. All the
lines receiving at least two positive votes is assumed to belong to the actual iris
segment;
7.Find limbic boundary and extract the iris segment (Fig.7, Fig.6.d, Fig.6.e);
OUTPUT: pupil center, pupil radius, index of the line representing limbic boundary and
the final iris segment;
END.
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8.1. Fuzzy iris segment and fuzzy iris boundaries

Fig.7 : Fuzzy iris segment and fuzzy iris boundaries
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8.2. CFIS Demo Program

The current demo version is currently
implemented in Matlab and calibrated for Bath
University Iris Database (the free version [12],
1000 images).
It enables pupil localization in 12 frames per
second and limbic boundary localization in 5
frames per second, for eye images of dimension
240x320 pixels.
It leads to the following iris segmentation error
rates:
- total number of failure cases: 6;
- pupil finder failures: 1;
- limbic boundary detection failures: 5.
It proves that iris segmentation can be treated as
being a one-dimensional optimization problem if
there is enough accurate morphological
information stored as chromatic variation.
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Fig.7: Circular Fuzzy Iris Segmentation Demo
Program is available for download here:
http://fmi.spiruharet.ro/bodorin/arch/cffis.zip
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9.

Gabor Analytic Iris Texture Binary Encoder

Gabor Analytic Iris Texture Binary Encoder (N. Popescu-Bodorin):
INPUT: unwrapped iris image IM (Fig.6.e), window dimension s,
desired dimension d=[d1,d2] of the iris code;
1.Compute I as being the resized version of unwrapped
iris segment to desired dimension d:
I = imresize(IM,d);
2.For each line of I compute the complex matrix AS as being the
strong analytic representation of I using window size s:
AS = blkproc(I, [1,s], @hilbert,); % Hilbert filter of dimension s
3.Compute IP - the instant phase matrix of AS:
IP = atan(imag(AS)./real(AS));
4.Compute the binary iris code:
IC = (IP≥0);
5.Compute the binary iris mask M corresponding to the various iris occlusions
(specular lights, diffuse reflections, eyelashes, eyelids, etc), if any:
M = occmask(IM);
OUTPUT: The binary iris code IC and the binary mask M;
END.
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10. Before Testing

After a visual examination of Bath, ICE-2005 and CASIA-v.1-3
iris databases, the ‘butterfly’ iris segment (Fig.8) was found to be
more often unoccluded. In order to ensure further compatibility,
all tests here use this type of iris segment (step 5 of GAITBE
procedure is canceled by using a control flag).

Fig.8: Butterfly Iris Segment

Suppose that the value s of the standard deviation is known for the imposter score distribution in
the single-enrollment scenario. Let C be the current input iris code which must be compared to a
(finite) set of templates E={E1, E2, …, En} enrolled under an arbitrary identity E, and let S be the
set of Hamming similarities between C and each of the enrolled templates: S={HSS(C,E1),
HSS(C,E2), …, HSS(C,En)}. The Mean-Deviation Similarity Score (N. Popescu-Bodorin) between the
input template C and an arbitrary identity E is defined here as:
MDSS(C,E) = mean(S) + std(S) –s/2.
The formula was heuristically determined by running a multitude of tests and by using neural
network support to minimize the FAR while keeping the FRR at reasonable values (1-3%) for a
certain threshold range.
Storage efficiency is a new evaluation criterion proposed here. It is defined as the ratio between
the number of degrees-of-freedom of inter-class score distribution and the length of the iris code.
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11. TheTests
Acronyms:
HSS - Hamming Similarity Score;
MDSS - Mean-Deviation Similarity Score;
1-SE - One Eye/Single Enrollment;
1-ME - One Eye/Multiple Enrollment;
FAR(FRR) - For a given threshold, the
False Accept (Reject) Rate is experimentally
determined here as the ratio between the
number of imposter (genuine) scores
exceeding (not exceeding) the threshold and
the total number of imposter (genuine) scores;
OFA(OFR) - The Odds of False Accept
(Reject) are given by the cumulative of the
theoretical imposter (genuine) distribution
above (below) the given threshold:

where Ipdf and Gpdf are theoretical probability
density functions of the imposter and genuine
distributions, and t is the threshold;
EER - Equal Error Rate is the common
value of the FAR and FRR in the point where
they equal each other;
18
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12. Imposter/Genuine Distributions

Fig.9: Score distributions for all tests (log scale)
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13. Conclusion and Future Work
This paper has presented a novel approach to iris recognition. The
proposed Circular Fuzzy Iris Segmentation and Gabor Analytic Iris Texture
Binary Encoder both proved their capacity to narrow down the distribution of
inter-class matching scores, to guarantee a steeper descent of the False Accept
Rate and to achieve better encoding of statistical independence between the
iris codes of different irides.
Also, this is the first time that pupil finding and limbic boundary
approximation are treated as one-dimensional optimization problems. The
range of applicability of the proposed Circular Fuzzy Iris Segmentation
procedure is limited to that class of images satisfying the following
hypotheses:
 the correlation between the area morphology and chromatic variation is
sufficiently strong, or else, the initial k-means quantization of the eye
image will fail to return an accurate pupil cluster;
 the pupil is (or contains) the biggest, most circular and darker object, or
else, other region will prove a higher resiliency to erosion than the actual
pupil and a false pupil indicator will be computed in consequence.
When identities are defined through a collection of enrolled templates,
each identity includes some degree of variability (iris rotation, different pupil
dilatations, different focalization and illumination). Consequently, the intraclass distribution becomes narrower and so does the inter-class distribution.
This motivates us to closely investigate multi-enrollment iris recognition
scenarios (1-ME, 2-ME) in the near future.
More details and new results concerning this novel iris recognition
approach will be available as soon as possible in the future work.
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